Intersections are among the most dangerous roadway facilities due to the complex traffic conflicting movements and frequent stop-and-go traffic. However, previous intersection safety analyses were conducted based on static and highly aggregated data (e.g., annual average daily traffic (AADT), annual crash frequency). These aggregated data may result in unreliable findings simply because they are averages and cannot represent the real conditions at the time of crash occurrence. This study attempts to investigate the relationship between crash occurrence at signalized intersections and real-time traffic, signal timing, and weather characteristics based on 23 signalized intersections in Central Florida. The intersection and intersection-related crashes were collected and then divided into two types, i.e., within intersection crashes and intersection entrance crashes. Bayesian conditional logistic models were developed for these two kinds of crashes, respectively. For the within intersection models, the model results showed that the through volume from "A" approach (the traveling approach of at-fault vehicle), the left turn volume from "B" approach (near-side crossing approach), and the overall average flow ratio (OAFR) from "D" approach (far-side crossing approach), were found to have significant positive effects on the odds of crash occurrence. Moreover, the increased adaptability for the left turn signal timing of "B" approach and more priority for "A" approach could significantly decrease the odds of crash occurrence. For the intersection entrance models, average speed was found to have significant negative effect on the odds of crash occurrence. The longer average green time and longer average waiting time for the left turn phase, higher green ratio for the through phase, and higher adaptability for the through phase can significantly improve the safety performance of intersection entrance area. In addition, the average queue length on the through lanes was found to have positive effect on the odds of crash occurrence. These results are important in real-time safety applications at signalized intersections in the context of proactive traffic management.
Introduction
Intersections are among the most dangerous roadway facilities due to the complex traffic conflicting movements and frequent stop-and-go traffic. Take Florida as an example, nearly 26% of crashes happen at or influenced by intersections (including signalized and non-signalized) in 2014. Moreover, signalized intersections are generally large intersections with higher traffic volume, therefore, the safety status of signalized intersection would be even more complicated. Safety analysis for signalized intersection has been a critical research topic during past decades. Substantial efforts have been made by previous researchers to reveal the relationship between crash frequency of signalized intersections and all the possible contributing factors such as roadway geometric, signal control, and traffic characteristics, etc. (Chin and Quddus 2003 , Wang et al. 2009 , Guo et al. 2010 , Lee et al. 2017 , Wang and Yuan 2017 , Cai et al. 2018a , Cai et al. 2018b ).
More specifically, nearly all the traffic volume related variables were found to have significant positive effects on the crash frequency at signalized intersections, including total entering ADT (Poch and Mannering 1996 , Chin and Quddus 2003 , Guo et al. 2010 ), right-turn ADT (Poch and Mannering 1996, Chin and Quddus 2003) , left-turn ADT (Poch and Mannering 1996) , total ADT on major road (Wang et al. 2009 , Dong et al. 2014 , total ADT on minor road (Wang et al. 2009 , Dong et al. 2014 ), left-turn ADT on major road (Guo et al. 2010) , through ADT on minor road (Guo et al. 2010) . However, Guo et al. (2010) found that the through ADT on major road and the left-turn ADT on minor road are significantly negatively associated with the crash frequency at signalized intersections. Moreover, Wang et al. (2009) investigated the relationship between LOS and safety at signalized intersections. They found that LOS D is a desirable level which is associated with less total crashes, rear-end and sideswipe crashes, as well as right-angle and left-turn crashes. Xie et al. (2013) investigated the safety effect of corridor-level travel speed, they found that the high speed corridor may results in more crashes at the signalized intersections. Similarly, the speed limit of the corridor was found to be significantly positively correlated with the crash frequency of the signalized intersections (Poch and Mannering 1996 , Wang et al. 2009 , Guo et al. 2010 , Dong et al. 2014 .
With respect to the geometric design, number of lanes, median width, and intersection sight distance et al. were found to have significant effects on the crash frequency of signalized intersections. More specifically, the number of lanes was found to be positively correlated with the crash frequency of signalized intersections (Poch and Mannering 1996 , Guo et al. 2010 , Dong et al. 2014 . Median width and intersection sight distance was also found to have positive effect on the crash frequency (Chin and Quddus 2003) . Moreover, AbdelAty and found that the existence of exclusive right-turn lanes could significantly decrease the crash frequency.
In terms of signal control characteristics, the adaptive signal control was found to have significant lower crash frequency than the pre-timed signal control (Chin and Quddus 2003) . The number of phase was found to be positively associated with the crash frequency of signalized intersections (Poch and Mannering 1996 , Chin and Quddus 2003 , Xie et al. 2013 . The left-turn protection could significantly improve the safety performance of the signalized interaction (Poch and Mannering 1996 , Chin and Quddus 2003 . However, Abdel-Aty and found that the left-turn protection on minor roadway tends to increase the crash frequency of signalized intersection. Surprisingly, Guo et al. (2010) found that the coordinated intersections are more unsafe than the isolated ones. They explained it as the travel speed is higher for coordinated intersections because of the green wave, which may results in more crashes.
However, these studies were conducted based on static and highly aggregated data (e.g., Annual Average Daily Traffic (AADT), annual crash frequency). These aggregated data limit the reliability of the findings simply because they are averages and cannot reflect the real conditions at the time of crash occurrence. With the rapid development of traffic surveillance system and detection technologies, real-time traffic data are not only available on freeways and expressways but also on urban arterials (including road segments and intersections). During the past decade, an increasing number of studies have investigated the crash likelihood on freeways by using real-time traffic and weather data (Oh et al. 2001 , Lee et al. 2003 , Abdel-Aty et al. 2004 , Zheng et al. 2010 , Ahmed et al. 2012a , Xu et al. 2013a , Xu et al. 2013b , Basso et al. 2018 , Theofilatos et al. 2018 . It is worth noting that Theofilatos et al. (2018) investigated crash occurrence by utilizing real-time traffic data while considering that the number of crashes is very few, and they could be considered as rare events. In this context, they compared the model results of different crash to non-crash ratio (1:10 and full sample of noncrash events) by using two different statistical models (bias correction and firth model), respectively. It was found that the two methods have different advantages and disadvantages, and the choice of the most appropriate method depends on several criteria. Also, Basso et al. (2018) developed real-time crash prediction model for urban expressway based on the original unbalanced data, rather than artificially balanced data by using Synthetic Minority Over-sampling Technique (SMOTE). They claimed that their model performance are among the best in the literature.
However, little research has been conducted on the real-time safety of urban arterials (Theofilatos 2017 , Yuan et al. 2018 , especially signalized intersections (Mussone et al. 2017) . Mussone et al. (2017) examined the factors which may affect the crash severity level at intersection based on real-time traffic flow and environmental characteristics, and they found that the real-time traffic flow characteristics have a relevant role in predicting crash severity. However, they didn't consider the crash likelihood at intersections, which means that the effects of real-time traffic flow and environmental characteristics on the crash likelihood at intersections are still unclear.
Moreover, the conflicting traffic movements at signalized intersection are temporally separated by traffic signals. Therefore, signal timing plays a very important role in the intersection safety, especially when the adaptive signal control technology was widely adopted on major urban arterials. Adaptive signal control technology optimize signal timing plans in real-time, it was found to have significant effects in reducing stops and delays (Khattak et al. 2018a ) and improving traffic safety (Chin and Quddus 2003, Khattak et al. 2018b ). However, the safety effect of real-time signal status has never been considered, while improper signal timing may result in dangerous situation. Therefore, the relationship between real-time signal timing and intersection safety need to be further investigated.
On the other hand, with the rapid development of connected vehicle technologies in recent years, it is feasible for us to implement efficient proactive traffic management strategies at intersections, e.g., dynamic message sign (DMS) to show the real-time crash risk for the downstream intersections, and vehicle-level optimal speed advisory through vehicle-toinfrastructure (V2I) communication (Yue et al. 2018) . In this context, an efficient and reliable realtime crash risk predictive algorithm for intersections is required. However, traditional intersection safety analysis were usually conducted by modeling historical crash frequency with geometric, AADT, and static signal control characteristics, which ignore the impacts of real-time traffic environment (e.g., traffic and weather) when crashes occur.
To the best of the authors' knowledge, there have been no studies done on the real-time crash risk at signalized intersections. To bridge this gap, this study aims to investigate the relationship between crash likelihood at signalized intersections and real-time traffic, signal timing, and weather characteristics by utilizing data from multiple sources, i.e., Bluetooth, weather, and adaptive signal control datasets.
Data Preparation
There are 23 intersections chosen from four urban arterials in Orlando, Florida, as shown in Figure  1 . A total of four datasets were used: (1) crash data from March, 2017 to March, 2018 provided by Signal Four Analytics (S4A); (2) travel speed data collected by 23 IterisVelocity Bluetooth detectors installed at 23 intersections; (3) signal phasing and 15-minute interval traffic volume provided by 23 adaptive signal controllers; (4) weather characteristics collected by the nearest airport weather station. S4A provides detailed crash information, including crash time, coordinates, severity, type, weather condition, etc. In terms of the crash time information, there are three kinds of time information for each crash, i.e. time of crash occurrence, time reported, and time dispatched. Only the time of crash occurrence was utilized in this study, and the difference between this recorded crash time and the actual crash time is supposed to be within 5 minutes since there exist several efficient and accurate technologies for the police officer to identify the accurate time of crash occurrence, e.g. closed-circuit television cameras and mobile phones.
First, all crashes occurred at intersection or influenced by intersection (within 250 feet of intersection) from March, 2017 to March, 2018 were collected. Second, all the single-vehicle crashes and the crashes under the influence of alcohol and drugs were excluded, since these kinds of crashes are usually not attributed to the real-time traffic and signal characteristics which are the focus of this study. After that, a total of 803 crashes remained and these crashes were divided into three types based on their location, which are within intersection area, intersection entrance area, and intersection exit area, as shown in Figure 2 . There are 446 (55.54%) crashes that had occurred within intersection, 264 (32.88%) crashes that had occurred in the intersection entrance area, and 93 (11.58%) crashes that had occurred in the intersection exit area. In terms of the sample size, only within intersection crashes and intersection entrance crashes were utilized in this study. Before collecting the real-time traffic and signal timing variables for each crash, two preprocess steps were conducted: First, identify the travel direction of the at-fault vehicle in each crash based on the attribute of "Crash Type Direction", and then rename the approach of at-fault vehicle as "A" approach; Second, retrieve the travel direction of the other three approaches based on the nomenclature in Figure 3 , and then rename them as "B", "C", and "D" approaches, respectively. After this preprocessing, all the relationship between crash location and intersection approaches were consistent, i.e., the travel approach of the at-fault vehicles for all crashes were named as "A" approach and all the other corresponding approaches were named as "B", "C", and "D" approaches according to the nomenclature. For the within intersection crash and non-crash events, the real-time traffic and signal timing data were collected from four approaches, while for the intersection entrance crash and non-crash events, only the data from "A" approach were collected. Matched case-control design was employed in this study to explore the effects of traffic, signal, and weather related variables while eliminating the effects of other confounding factors through the design of study. For each crash, four confounding factors, i.e., intersection ID, crash location type (within intersection or intersection entrance), time of day, and day of week, were selected as matching factors. Therefore, a group of non-crash events could be identified by using these matching factors and then a specific number of non-crash events could be randomly selected from this group of non-crash events for every crash event. The number of non-crash events m corresponding to a crash event is preferred to be fixed in the entire analysis. As stated in Hosmer Jr et al. (2013) , the value of m was commonly chosen from one to five. Moreover, Abdel-Aty et al. (2004) found that there is no significant difference when m changing from one to five. Therefore, the control-to-case ratio of 4:1 was adopted in this study, which is consistent with previous studies (Abdel-Aty et al. 2008 , Zheng et al. 2010 , Ahmed et al. 2012b , Xu et al. 2012 , Ahmed and Abdel-Aty 2013 , Shi and Abdel-Aty 2015 , Yu et al. 2016 . Consequently, 4 non-crash events from the same intersection, crash location type, time of day, and day of week were randomly selected for each crash event. Figure 4 shows an example of the matched case control design for the within intersection crash event. Besides, the non-crash events were selected only when there is no crashes occurring within 3 hours before or after the non-crash event on the same location. The real-time traffic and signal timing data for both crash and non-crash events were extracted for a period of 20 minutes (divided into four 5-minute time slices) prior to crash occurrence. For example, if a crash event occurred within intersection at 18:31, the corresponding traffic and signal timing data from 18:11 to 18:31 were extracted and named as time slice 4, 3, 2, and 1, respectively. As shown in Figure 5 , the traffic and signal timing data collection for different crash location are different. For the within-intersection crashes, all the traffic and signal timing variables from four approaches were collected. However, for the intersection entrance crashes, data were collected only from the "A" approach. Speed data were provided by the 23 IterisVelocity Bluetooth detectors, which measure the space-mean speed of a specific segment, as shown in Figure 6 . Bluetooth detectors can only detect the vehicles equipped with Bluetooth device which is working at discoverable mode. The spacemean speed of each vehicle on a specific segment is calculated as the segment length divided by the travel time of each detected vehicle on the segment based on the detection data of two Bluetooth detectors located at the two contiguous intersections. In this study, speed data, including average speed and speed standard deviation, were only collected for the segment of "A" approach, which represents the traveling segment of the at-fault vehicle. Moreover, since all the Bluetooth detectors are installed on the major arterials, therefore, only the major approaches were provided with the real-time traffic speed data. In this context, all the intersection entrance crashes included in the final datasets were occurred on the major approach, and all the at-fault vehicles of the within intersection crashes were coming from the major approach. Figure 6 . Illustration of Bluetooth Data Collection (Yuan et al. 2018) Adaptive signal controllers archive the real-time signal timing and lane-specific 15-minute aggregate traffic volume data. The lane-specific 15-minute aggregated traffic volume data are collected by the video detectors, which are installed for the adaptive signal controller to detect the real-time volume, queue length and waiting time. Since the right-turn vehicles are unprotected at the intersection, the traffic volume data only include the through and left-turn vehicles. The lanespecific traffic volume for each time slice (5-minute) was calculated based on the assumption that the traffic volume within 15-minute interval are evenly distributed. Moreover, the variation in traffic flow across lanes in the form of overall average flow ratio (OAFR) were considered in this study. The OAFR was proposed by Lee et al. (2006) to represent a surrogate measure of the lane change frequency within all lanes. The OAFR is calculated as the geometric mean of the modified average flow ratio (AFR) of all lanes, while the modified AFR is calculated as the ratio of the average flow in the adjacent lanes ( − 1, + 1) to the average flow in the subject lane ( ), as shown in Eq.1.
Where ( , were unknown in this study, they were assumed to be equal, which is in line with Lee et al. (2006) .
It is worth noting that the OAFR calculated by Lee et al. (2006) as the geometric mean of the modified average flow ratio (AFR) of all lanes is only appropriate for the segment with lane number greater than 3. If the total lane number is 2, the calculated OAFR will always be 0.5
, no matter with the real flow variation between these two lanes.
Therefore, the OAFR in this study was calculated as the arithmetic mean of the modified AFR
).
Three weather related variables (weather type, visibility, and hourly precipitation) were collected from the nearest airport weather station, which is located at the Orlando international airport (as shown in Figure 1 ). Since the weather data is not recorded continuously, once the weather condition changes and reaches a preset threshold, a new record will be added to the archived data. Therefore, for each specific crash, based on the reported crash time, the closest weather record prior to the crash time has been extracted and used as the crash time weather condition, which is identical for four time slices (Chung et al. 2018) . A cross table was made to validate the weather type information extracted from weather station and the weather condition recorded in the crash report, results indicated that the consistency ((True positive + True negative)/Total sample size) between weather station and crash report is around 92%. Therefore, all the weather information for both crash and non-crash events were extracted from the airport weather station data.
After the above data collection process, the final dataset for the within intersection area includes 470 observations (94 crash events and 376 non-crash events), while the final dataset for the intersection entrance area includes 425 observations (85 crash events and 340 non-crash events). The summary statistics of within intersection and intersection entrance datasets are as shown in Table 1 and Table 2 , respectively. In order to achieve a preliminary understanding about the difference between crash and non-crash events, the variable of average speed was selected as an example and the probability density distributions were presented in Figure 7 (within intersection) and Figure 8 (intersection entrance). Both Figure 7 and Figure 8 indicate that the distribution of average speed before crash events are more likely to be wide-spread than non-crash events, especially during the 5-10 minute interval. This means that the traffic condition before crash event tends to be more diverse than non-crash events, which is consistent with Theofilatos et al. (2018) . Since the independent variables collected from different approaches are highly interactive, it is very likely that some of the independent variables are highly correlated. The threshold of 0.6 was utilized for the linear Pearson correlation analysis to identify the highly-correlated variables, which is in line with previous research (Kobelo et al. 2008) . Moreover, with respect to the nonlinear correlation, one of the mutual information based measures, maximal information coefficient (MIC) was also employed to identify the nonlinear association between two variables (Albanese et al. 2018) . As suggested by Albanese et al. (2018) , the threshold of MIC was chosen to be 0.7. Above all, the highly correlated pairs of variables were selected based on two criteria: the Pearson correlation coefficient is greater than 0.6 or the MIC is greater than 0.7.
Take the time slice 1 dataset for the within intersection crashes as an example, there are 57 independent variables, which could result in 1596 ( Table 3 . With respect to those pairs of variables which have higher nonlinear correlation coefficients (MIC) but lower linear Pearson correlation coefficients (rows marked in grey in Table   3 ), a scatterplot matrix was generated to further illustrate the nonlinear association between those pairs of variables ( Figure 9 ). 
Methodology
Suppose that there are N strata with 1 crash ( =1) and m non-crash cases ( =0) in stratum i, i=1, 2, …, N. Let be the probability that the jth observation in the ith stratum is a crash; j=0, 1, 2, …, m. This crash probability could be expressed as:
( ) = + 1 1 + 2 2 + ⋯ +
Where is the intercept term for the ith stratum; = ( 1 , 2 , … , ) is the vector of regression coefficients for k independent variables.
In order to take the stratification in the analysis of the observed data, the stratum-specific intercept is considered to be nuisance parameters, and the conditional likelihood for the ith stratum would be expressed as (Hosmer Jr et al. 2013) :
And the full conditional likelihood is the product of the ( ) over N strata,
Since the full conditional likelihood is independent of stratum-specific intercept , thus Eq. (3) cannot be used to estimate the crash probabilities. However, the estimated coefficients are the log-odd ratios of corresponding variables and can be used to approximate the relative risk of an event. Furthermore, the log-odds ratios can also be used to develop a prediction model under this matched case-control analysis. Suppose two observation vectors = ( 1 1 , 2 1 , … , 1 ) and = ( 1 2 , 2 2 , … , 2 ) from the ith strata, the odds ratio of crash occurrence caused by observation vector relative to observation vector could be calculated as:
The right hand side of Eq. (6) is independent of and can be calculated using the estimated coefficients. Thus, the above relative odds ratio could be utilized for predicting crash occurrences by replacing with the vector of the independent variables in the ith stratum of noncrash events. One may use simple average of each variable for all non-crash observations within the stratum. Let ̅ = ( ̅ 1 , ̅ 2 , … , ̅ ) denote the vector of mean values of non-crash events of the k variables within the ith stratum. Then the odds ratio of a crash relative to the non-crash events in the ith stratum could be approximated by:
Full Bayesian inference was employed in this study. For each model, three chains of 20,000 iterations were set up in WinBUGS (Lunn et al. 2000) , the first 5,000 iterations were excluded as burn-in, the latter 15,000 stored iterations were set to estimate the posterior distribution. Convergence was evaluated using the built-in Brooks-Gelman-Rubin (BGR) diagnostic statistic (Brooks and Gelman 1998) .
In terms of model goodness-of-fit, the AUC value which is the area under Receiver Operating Characteristic (ROC) curve was also adopted. The ROC curve illustrates the relationship between the true positive rate (sensitivity) and the false alarm rate (1-specificity) of model classification results based on a given threshold from 0 to 1. It is worth noting that the classification results of Bayesian random parameters logistic model is based on the predicted crash probabilities, which lie in the range of 0 to 1, while the classification result of Bayesian conditional logistic model and Bayesian random parameters conditional logistic model are based on the predicted odds ratio, which may be larger than 1. In order to be consistent with the other two models, all the odds ratios predicted by Bayesian conditional logistic model were divided by the maximum odds ratio to create adjusted odds ratios. Later on, the adjusted odds ratios were used to create the classification result based on different threshold from 0 to 1. In this study, AUC values were calculated using R package pROC (Robin et al. 2011 ).
Model results

Within intersection crashes
This section discusses the modeling results of the Bayesian conditional logistic models for the within intersection crashes based on the full dataset (four time slices) and different time slices datasets, respectively. Table 4 shows the results of within intersection model based on full dataset. In total, 14 variables were identified to be significant variables, including speed characteristics, signal timing, queue length, and waiting time related factors collected from different approaches and time slices. Considering that the traffic and signal characteristics during different time slice may have different relationship with the real-time crash risk. To investigate the differences between different time-slice datasets, four separate time-slice models were developed based on four time slices, respectively. Table 5 shows the results of 4 time-slice models for the within intersection dataset. The model comparison results based on AUC values indicate that the slice 2 model performs the best, followed by the slice 4 and slice 1 models. However, based on slice 1 model, there would be no spare time to implement any proactive traffic management strategy to prevent the possibility of crash occurrence. Moreover, as stated by Golob et al. (2004) , there may exist 2.5 min difference between the exact crash time and reported crash time, thus the slice 1 model was treated as a reference. Finally, the slice 2 model was selected to conduct further interpretation. It is worth noting that the speed related variables were only found to be significant in slice 1 model, which might be explained as that the speed characteristics on the upstream segment only have short-term impacts on the within intersection crash occurrence, and relatively, these within intersection crashes are more likely to be influenced by the signal timing and traffic volume related variables. Based on the estimation results of slice 2 model, seven variables were found to be significantly associated with the crash risk within intersection area: (1) The positive coefficient (0.005) of "A_Vol_Th" indicates that higher through volume from "A" approach tends to increase the crash risk, which is consistent with previous aggregated intersection studies (Poch and Mannering 1996 , Chin and Quddus 2003 , Guo et al. 2010 ) that higher exposure may results in more crashes. The odds ratio of 1.005 means that when other variables held constant, one-unit increase in the through volume from "A" approach would increase the odds of crash occurrence by 0.5%; (2) Similarly, the left turn volume from "B" approach was also found to be positively correlated with the odds of crash occurrence. This could be explained in that higher left turn volume from "B" approach may results in more conflicts between the through vehicles from "A" approach and the left turn vehicle from "B" approach. The odds ratio of 1.04 means that when other variables held constant, one-unit increase in the left turn volume from "B" approach would increase the odds of crash occurrence by 4%; (3) "B_LT_Std_Green" was found to be negatively associated with the odds of crash occurrence within intersection, which means that higher standard deviation of the length of left turn phase on "B" approach could improve the safety performance of intersection. The possible reason is that when the left turn volume from "B" approach, as well as other variables held constant, the higher variation in the length of left turn phase on "B" approach indicates higher adaptability of the left turn phase, which indeed increase the safety performance of intersection; (4) "B_TH_Avg_Queue" was found to have negative effect on the crash risk within intersection, which could be explained as that higher queue length on the through lanes of "B" approach may represent that more signal priority has been given to the "A" approach, which may reduce the exposed conflicting traffic flows between through vehicles from "A" and "B" approaches; (5) The negative coefficient (-0.036) of "D_Vol_LT" indicates that higher left turn volume from "D" approach tends to reduce the crash risk within intersection. The possible reason might be that more left turn vehicle from "D" approach may raise the awareness of those drivers from the "A" approach, which will therefore reduce the odds of crash occurrence. This is similar to the previous findings by Guo et al. (2010) , which indicated that the left-turn ADT on minor road is negatively associated with the crash frequency at signalized intersections; (6) Higher "D_OAFR" tends to increase the odds of crash occurrence, which demonstrates that higher variation in traffic flow across through lanes on "D" approach tends to increase the crash risk within intersection. This could be potentially explained by that higher variation in traffic flow across through lanes on "D" approach may results in many lane change behavior occurring within the intersection, which will increase the complexity of traffic flow within intersection, as well as the odds of crash occurrence within intersection; (7) "D_TH_Avg_Wait" was found to be negatively correlated with the odds of crash occurrence within the intersection. This might be explained by that a longer waiting time on "D" approach indicates higher signal priority was given to the "A" approach, which will indeed reduce the exposed conflicting traffic flows between the through vehicles from "A" and "D" approaches.
Intersection entrance crashes
Similar to the within intersection crashes, a full model was first developed for the intersection entrance crashes based on four time slices. Table 6 shows the results of intersection entrance model based on full dataset. In total, 7 variables were identified to be significant variables, including speed characteristics, signal timing, queue length, and waiting time related factors collected from different time slices. In addition to the full model, four separate time-slice models were developed for the intersection entrance crashes based on four time slices, respectively. Table 7 shows the results of In total, seven variables from the "A" approach were found to be significantly correlated with the crash occurrence in the intersection entrance area: (1) the coefficients of average speed are consistent to be negative among four time-slice models, which means that lower average speed tends to increase the odds of crash occurrence in the intersection entrance area, which is consistent with previous studies , Ahmed et al. 2012a , b, Ahmed and Abdel-Aty 2012 , Xu et al. 2012 , Shi and Abdel-Aty 2015 , Yu et al. 2016 , Yuan et al. 2018 ). This could be explained by that the lower average speed, i.e., congested condition, are more likely to have higher crash risk than uncongested condition; (2) the left turn volume was found to have significant negative effect on the odds of crash occurrence, which means that higher left turn volume may results in lower crash risk. The possible reason might be that driver intending to turn left approach the intersection more carefully and with lower speeds. Thus higher left turn volume may increase the driver awareness when approaching the entering approach, which may improve the safety performance; (3) the average length of left turn green phase was found to be negatively correlated with the odds of crash occurrence, which means that when the left turn volume, as well as other variables held constant, longer left turn green time could decrease the odds of crash occurrence; (4) the negative coefficient of the left turn average waiting time demonstrates that the longer waiting time for the left turn vehicles may results in better safety performance. The possible reason might be that the longer waiting time for the left turn vehicles, the less exposure may exist between left turn and through vehicles, which may reduce the crash risk; (5) similarly, the green ratio, as well as the standard deviation of the green time of the through phase were found to have negative effect on the odds of crash occurrence, which indicate that longer and more adaptive green phase for the through vehicles could significantly improve the safety performance of the intersection entrance area. It may be reasoned that longer and more adaptive green phase for the through vehicles could significantly decrease the frequency of stop-and-go traffic, which will therefore decrease the potential conflicts. Similarly, Lee et al. (2013) found that the implementation of cooperative vehicle intersection control algorithm, which optimize the vehicle trajectory to reduce the stopand-go frequency, can reduce the number of rear-end crash events by 30-87% for different volume condition; (6) the positive coefficient of average queue on the through lanes indicates that longer queue on the through lanes may increase the odds of crash occurrence.
Discussion and Conclusion
This research examined the real-time crash risk at signalized intersections based on the disaggregated data from multiple sources, including travel speed collected by Bluetooth detectors, lane-specific traffic volume and signal timing data from adaptive signal controllers, and weather data collected by airport weather station. The intersection and intersection-related crashes were collected and then divided into three types, i.e., within intersection crashes, intersection entrance crashes, and intersection exit crashes. In terms of the sample size, only the within intersection crashes and intersection entrance crashes were considered and then modeled separately. Matched case-control design with a control-to-case ratio of 4:1 was employed to select the corresponding non-crash events for each crash event, and three confounding factors, i.e., location, time of day, and day of the week, were selected as matching factors. Afterwards, all the traffic, signal timing, and weather characteristics during 20-minute window prior to the crash or non-crash events were collected and divided into four 5-minute slices, i.e., 0-5 minute, 5-10 minute, 10-15 minute, and 15-20 minute. Later on, Bayesian conditional logistic models were developed for within intersection crashes and intersection entrance crashes, respectively.
For the within intersection crashes, the results of the full model (based on four time-slice datasets) indicate that 14 variables are significantly associated with the real-time crash risk, including speed characteristics, signal timing, queue length, and waiting time related factors collected from different approaches and time slices. The AUC value of the full model is 0.7596, which is much higher than the time-slice models. This comparison result reveals that incorporating all time slices variables could significantly improve the model performance. With respect to the four time-slice models, the model results show that the slice 2 model performs much better than the other modes in terms of the AUC value, which means that the characteristics during 5-10 minutes prior to the crash event have more power in the real-time crash risk prediction than the other time intervals. Among the slice 2 model, three volume related variables, i.e., the through volume from "A" approach (at-fault vehicle traveling approach), the left turn volume from "B" approach (near-side crossing approach), and the OAFR from "D" approach (far-side crossing approach), were found to have significant positive effects on the odds of crash occurrence, which is consistent with previous aggregated studies (Chin and Quddus 2003 , Guo et al. 2010 , Xie et al. 2013 . However, the left turn volume from "D" approach was found to have negative effect on the crash risk, this may be reasoned that more left turn vehicle from "D" approach may raise the awareness of those drivers from "A" approach, which will therefore reduce the crash risk.
Moreover, the standard deviation of the length of left turn green phase of "B" approach, the average queue length of the through vehicles on "B" approach, and the average waiting time of the through vehicles on "D" approach were found to be negatively associated with the odds of crash occurrence. These findings imply that the increased adaptability for the left turn signal timing of "B" approach (higher "B_LT_Std_Green") and increased priority for "A" approach (higher "B_TH_Avg_Queue" and "D_TH_Avg_Wait") could significantly decrease the odds of crash occurrence caused by the vehicles from "A" approach. It is worth noting that the speed-related variables were only found to be significant in the slice 1 model. This might be because the potential conflicting movements within intersection area are quite dynamic, and the speed characteristics on the upstream segment may only have short-term impacts on the within intersection crash occurrence.
With respect to the intersection entrance crashes, since all the involving vehicles in the intersection entrance crash are traveling on the same approach with the at-fault vehicle, only the characteristics of "A" approach were included in the models. The full model performs much better than the four time-slice models in terms of the AUC value, which is in line with the within intersection models. Among the four time-slice models, the slice 2 model performs the best, which is slightly better than the slice 4 and slice 1 models. The possible reason why the slice 4 model also performs very well might be that the traffic environment in the intersection entrance area is more simple than the within intersection area, therefore, the crash risk in the intersection entrance area tends to be more stable over time than the within intersection area, and the insufficient sample size may also results in some uncertainty among the four time-slice models. Therefore, the significant variables in four time-slice models were investigated. Average speed was found to have significant negative effect on the odds of crash occurrence, which is consistent with previous studies , Ahmed et al. 2012a , b, Ahmed and Abdel-Aty 2012 , Xu et al. 2012 , Shi and Abdel-Aty 2015 , Yu et al. 2016 , Yuan et al. 2018 ). The left turn volume was surprisingly found to be negatively correlated with the odds of crash occurrence, which might be explained as the higher left turn volume may increase the driver awareness when approaching the entering approach, which may improve the safety performance. Moreover, three signal timing variables, i.e., A_LT_Avg_Green, A_TH_GreenRatio, and A_TH_Std_Green, were found to have significant negative effects on the odds of crash occurrence. These findings imply that longer average green time for the left turn phase, higher green ratio for the through phase, and higher adaptability for the through green phase can significantly improve the safety performance in the intersection entrance area. Besides, the average queue length on the through lanes was found to have positive effect on the odds of crash occurrence, which indicates that longer queue on the through lanes may significantly increase the crash risk.
It is worth noting that all the weather related variables are insignificant in both within intersection models and intersection entrance models. This might be explained by that the weather related variables are more likely to have effects on high-speed segment or free-flow facilities, while the signalized intersections are usually operated at low speed and they are highly interrupted by the traffic signals, therefore, the weather related variables may not have significant effects on the crash occurrence at signalized intersections. Above all, the model results provide a lot of insights on the relationship between the crash risk at signalized intersection and the real-time traffic and signal timing characteristics. For example, the results related to signal timing variables imply that higher adaptability for both left turn and through phases, longer average green time for the left turn phase, and higher green ratio for the through phase could significantly improve the safety performance of signalized intersections. These findings might be incorporated into the adaptive signal control algorithm to better accommodate the real-time safety and efficiency requirements.
Overall, this study succeed in verifying the feasibility of real-time safety analysis for signalized intersections. However, there are still some limitations for the current study. For example, only 23 signalized intersections on three corridors were considered, which may results in some bias in the data collection even though the matched case-control design was utilized. Also, different geometric characteristics may also have significant effects on real-time crash risk, which has already been demonstrated by Ahmed et al. (2012a) . However, the geometric effects were controlled in this study by using matched case-control design. Above all, further investigation would be beneficial to improve the generalization of the model results, which may start from the following aspects: increase the sample size by collecting data from large-scale signalized intersections which may also have various geometric characteristics and try to use unbalanced dataset which is more realistic than the artificially balanced data. It is also worth noting that the vulnerable users (pedestrians, motorcyclists) related crashes were not considered in the current stage, although signalized intersections are typical dangerous hotspots for the vulnerable road users. Therefore, it would be meaningful to investigate the relationship between vulnerable-user-relatedcrash occurrence and real-time traffic and signal characteristics.
